Our understanding of the impact of team diversity on the team's innovativeness is still limited. There is a lack of research on the contingencies that drive the effectiveness of team heterogeneity and specifically knowledge diversity. We use insights from social networks, knowledge networks, status diversity, and knowledge overlap to explain when teams benefit from knowledge diversity. We conduct our analysis on all ~180.000 publications in the field of management between 2000 and 2015, to explain how teams translate knowledge diversity into novelty. Our results show that high levels of knowledge diversity lead to less novel output. We find that access to structural holes in the social and knowledge network moderates this effect, allowing teams with brokerage positions to compensate for the negative effect of knowledge diversity. However, contrary to our assumptions they do not provide an alternative to teams that lack diversity. Thus, a team cannot source diversity externally. We find that status diversity and knowledge overlap provide teams only with mechanisms to overcome the negative effect of knowledge diversity but do not lead to more novel output.
INTRODUCTION
There is a growing awareness of the importance and challenges of how to transform scientific knowledge into innovative output. One of the issues drawing a lot of attention is team member diversity (e.g., geographic location, cultural diversity, language) (McDonough III et al. 2001) . Team member diversity is growing dramatically under the current trend of globalization witnessed by many organizations and especially new product developers (Cummings, 2004) . In the academic world, too, there are indications that academic research is becoming more global and diverse (Wuchty et al. 2007) . Given this, companies and academics alike struggle to find effective ways to organize their teams -whether management, R&D or academic research teams -to benefit from the exchange and recombination of diverse knowledge resources (e.g., Kogut & Zander 1992; Nonaka & Takeuchi 1995) .
Dealing with team member diversity is particularly important because the exchange and recombination of knowledge resources serve as crucial drivers for innovation for individuals, teams, and organizations (Galunic & Rodan 1998; Mahoney & Pandian 1992) . In particular, access to heterogeneous knowledge stimulates the creative potential of individuals and their capability to implement resulting ideas. Especially for tasks and problems that are usually tackled in a team, knowledge diversity (often also labeled heterogeneity) ensures that the team has access to unique, diverse and novel information. This, in turn, is expected to lead to more innovative outcomes and often to better performance (Andrews & Smith 1996; Rodan & Galunic 2004 ). While resulting in higher innovation potential, knowledge diversity also increases conflict likelihood, management, and coordination problems, and may diminish efficiency. Indeed, empirical findings regarding the innovation and performance outcomes of diversity in general and knowledge in particular are mixed (Henard & Szymanski 2001; Jehn et al. 1999; Lovelace et al. 2001; Milliken & Martins 1996; Hoisl et al. 2014; Hoisl et al. 2016) .
Prior research on diversity in management mostly studied demographic, personality and functional characteristics (Andrews & Smith 1996; Carpenter 2002; Certo et al. 2006; Knight et al. 1999; Simons et al. 1999 ) and only a handful of studies examined knowledge diversity (Bonner & Walker 2004; Rodan & Galunic 2004; Taylor & Greve 2006; Hoisl et al. 2016 ).
Still, existing research on knowledge diversity is limited both conceptually and methodologically. In terms of conceptualization, knowledge diversity has been studied as a unidimensional construct although in reality, it is more complex and multi-layered (Rodan & Galunic 2004 ). For example, educational diversity is often suggested to reflect knowledge diversity although education captures only a narrow aspect of the construct, which can be influenced by other factors such as diversity in functional background, experience and social ties (Carpenter 2002; Knight et al. 1999; Rodan & Galunic 2004 ). In addition, there is rarely research on the contingencies that drive the effectiveness of knowledge diversity (Jehnet al. 1999 ; Lovelace et al. 2001; Simons et al. 1999; Williams &O'Reilly III 1998) . The study of such contextual effects, however, is especially relevant as it may shed light on the inconsistent results in previous literature as far as the direct effect of team diversity on team outcomes (Jehn et al. 1999) . From a methodological point of view, prior studies on knowledge diversity have typically used simple demographics or subjective indicators to assess the knowledge domains.
On the other hand, they have typically used subjective measures to assess team-level consequences of knowledge diversity (Bonner & Walker 2004; Rodan & Galunic 2004; Taylor & Greve 2006) .
Our study aims to fill these gaps and deepen our understanding of the nature and impact of knowledge diversity on innovation. First, we suggest a more detailed and fine-grained conceptualization of knowledge diversity at the team level. Based on research on group diversity we conceptualize knowledge diversity based on the subject areas team members specialize in. We extract this insight from a topic model on the corpus of all management publications (Griffiths & Steyvers 2004) . This conceptualization captures team members' key areas of interests and knowledge. It also indirectly captures their educational and functional background.
Second, we examine highly relevant and important moderators for the effect of team knowledge diversity on team innovation -social networks of team members. This factor has not been studied jointly with team knowledge diversity and it is gaining much attention in recent years by both scholars and practitioners. Specifically, while the role of social networks in crafting knowledge diversity has been recognized (Nerkar & Paruchuri 2005; Reagans & Zuckerman 2001; Rodan & Galunic 2004) , social networks' impact, as a contingency, on the relationship between teams' knowledge diversity and their innovativeness has not been studied before. This is especially important as team members' social networks are often expected to be in important in leveraging social capital in the form of novel ideas, new pieces of information, etc. (Burt 1992) . To understand what value social networks provide, we differentiate brokerage between social and knowledge brokerage (Wang et al., 2014) .
Third, we identify mechanisms that help teams to translate knowledge diversity into more innovate output. We study knowledge diversity and knowledge overlap to find configurations that allow teams to share and recombine existing knowledge diversity into more innovate outputs (Hoisl et al. 2014 ).
Fourth, we study academic research teams -a context that has value because of the inherent importance of knowledge, its development, and dissemination to academic research work. Further, academic research teams are analogues to new product development teams on many dimensions (Trajtenberg 1990 ) enabling us to draw important insights for both academics and product development managers.
The remainder of the paper is structured into five parts. We present a literature review on our independent variables and derive our hypotheses. Next, we introduce our data and methods. We explain how we construct our sample, use deep learning to create our social network from an ambiguous data set and implement topic modeling to encode the knowledge.
In addition, we explain how we calculate the variables and controls. Following this section, we present our results and robustness checks. Last, we discuss our findings and the underlying managerial implication as well as the limitations of our paper.
LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT Knowledge Diversity
Innovation is not the work of teams that have access to hidden knowledge or erratic inspirations creating unforeseen breakthroughs. It is an evolutionary process of knowledge recombination, guided by the search of missing links (Franzoni 2009; Nelson & Winter 1982; Schumpeter 1939; Simonton 2003) . Novelty is achieved by reconfiguration and recombination of previously existing knowledge in a not yet realized manner (Simonton 1999) . Singh and Fleming (2010) suggest that team knowledge diversity improves teams' ability to identify and evaluate recombinatorial opportunities.
Team knowledge diversity reflects what the team members know and how diverse this knowledge is. Scholars argue that knowledge diversity increases the likelihood that required knowledge is already available to the team (Zander & Kogut 1995; Dixon 2000) . They also benefit from more recombinatorial opportunities and find better solutions to a given problem (Singh & Fleming 2010) . On the other hand, it is associated with the effect to enhance novel thinking and problem solving due to the combination of different perspectives and knowledge bases (Taylor & Greeve 2006) .
But teams can face too much knowledge diversity, an influx of recombinatorial opportunities increases the complexity of evaluation and successful recombination are missed (Taylor & Greve 2006; Leiponen & Helfat 2010) . Teams that share ideas can experience a problem when explaining, sharing or trying to integrate it as other members cannot absorb it efficiently (Dougherty 1992; Williams & O'Reilly 1998) . As a result, a diverse team may end up with solutions that are not better than the solutions by teams that are less diverse because they overcome diversity by converging to very simple and highly common recombinations if transfer and integration of knowledge fail. This leads us to expect an inverted U-shape association between team knowledge heterogeneity and novelty such that lack of knowledge diversity or too much knowledge diversity will diminish the positive effect on novelty H1: There is an inverted U-shape relationship between team knowledge heterogeneity and novelty.
Social Brokerage
Bourdieu and Wacquant (1992) define social capital as resources that are derived from relationships in a social network. Knowledge-intensive work and innovative endeavors depend on the ability to access distant information and yet unconnected knowledge (Foster et al. 2015) . Burt (1992) finds that this advantage is not achieved by a central position in a dense cluster. As resources entering and passing this position exhibits redundancy and homogeneity and do not display any novelty or recombinatorial opportunity. Structural holes provide access to nonredundant information, knowledge, and opportunities that a team can leverage to its benefit, by e.g. first combining knowledge from different streams of research (Burt 2004 ).
Another stream of research, however, argues that such positions are characterized by unreliable information and that it is harder to mobilize (Uzzi & Spiro 2005; Obstfeld 2005 ).
Yet, Aral & Dhillon (2016) showed that an increase in structural constraint results in receiving more redundant and less diverse knowledge. Brugemann (2012 Brugemann ( & 2016 further developed this notion of the diversity-bandwidth trade-off by combining the opposing streams of research, and show that tie strength has to match the complexity of the transferred knowledge element. Weak ties can share only relatively simple information, contrary to strong ties that are able to transfer highly complex knowledge. Similar concepts underline the positive effect of brokerage and show that cohesion in a social network increases the likelihood of groupthink, leading to less novel ideas (Thomas-Hunt et al., 2003) . But the knowledge broker position is associated with risk. Too many opportunities create inertia and cannibalize the positive effect, as the team is not able to process the available information and can exhaust the productive search space (Katila & Ahuja, 2002 ).
Yet, many studies replicate the positive effect of brokerage in variety of different market and settings. This leads us to expect that teams can overcome the negative effects of knowledge diversity by scouring diversity from their social network or utilize it to decrease and disentangle the complexity within the team. 
H2:

Knowledge Brokerage
Researchers are embedded in two distinct networks. One as discussed is the social network from which e.g. social brokerage opportunities arise. The second is the knowledge network which is assumed to be isomorph to the knowledge network (Yayavaram & Ahuja 2008) . A tie in a social network between researches signifies a relationship, while a tie in a knowledge network refers to a recombination of two knowledge elements (Fleming et al. 2002; Carnabuci & Bruggeman, 2009 ). Wang et al. (2014) were the first to show that social networks and knowledge networks are decoupled and thus have different effects on researchers in the innovation process. While researchers can have access to structural holes in the social network, knowledge elements between the communities might be largely identical and vice versa.
While scholars provide empirical validation for the benefit of spanning structural holes (Lee, 2010) , it is still unclear what benefits they actually provide and what resources flow through the social networks. Aral & Dhilion (2016) provide empirical evidence that structural holes and access to novel information are dependent. But it remains unclear why this happens.
Researchers that choose always the same partners to collaborate create only access to knowledge that is highly redundant, while researches with diverse partners can create access to diverse knowledge despite the resulting position within the social network. Brugemann's (2016) argument further supports the idea of observing these networks decoupled as we try to uncover the exchange of highly complex knowledge within network.
This leads us to expect that teams can overcome the negative effects of knowledge diversity by scouring diversity from their knowledge network or utilize it to decrease and disentangle the complexity within the team.
H3: Knowledge brokerage moderates the effect of knowledge diversity on novelty. So that teams with great knowledge brokerage opportunities will be better at translating low and high levels of knowledge diversity into novelty compered to teams with few knowledge brokerage opportunities.
Status Diversity
Collaboration is first and foremost driven by the organizational mechanism hierarchy (Sidanius et al.1996) . Teams without a given formal hierarchy inevitably establish an informal hierarchy (Gould 2002; Tiedens et al. 2007 ). Informal hierarchy unfolds spontaneously and rapidly (Blau & Scott 1962) because individuals have and make instant assumptions about each other's expertise and position during and even before the initial interaction. Hence, they assign a status to each other on implicit and explicit assumptions (Berger et al. 1972) . One explanation is that informal hierarchy is driven by reputation or status, defined as the prior performance of team members or their position in the social network (Anderson & Shirako 2008; Gould 2002) .
Group members with a high status position themselves, and are positioned by their peers at the top of the group, while individuals with a low status move to the bottom. This intra-group ranking is highly similar between group members, stable, and self-reinforcing throughout the entire collaboration (Anderson et al. 2001; Magee & Galinsky 2008) .
A strong diversity of status within a team clarifies interactions and responsibilities.
Team members can easily find their "place" (Anderson & Spataro 2005) . This instantly establishes communication, decision-making, and division of labor. Hierarchy offers structure and guidance to the team during the collaboration; overcoming problems such as miscommunication (Hambrik et al. 1996) . Hierarchical differentiation also improves the likelihood of task completion, as team members are accountable for their tasks and resources are distributed appropriately (Overbeck et al. 2005) . Hambrik (2014) underlines this argumentation by showing that flat hierarchies can lead to rivalries, driving members apart and hindering the communication in the long term.
Following Keum & See (2017) , we argue that hierarchy in a team has different effects on the innovation, depending on the stage in the innovation process. During the idea generation, a flat hierarchy is beneficial (Taylor et al. 1958) , while a steep hierarchy benefits the idea selection. For instance, individuals with high status are expected and permitted to direct the decision-making and even decide for the team (Johnson et al. 1998 ). During complex decisionmaking or conflicts in the selection process, this can present the team with an opportunity, while it also carries a risk if a team member continuously overrules ideas by others (Keum & See 2017) .
For teams to translate highly diverse knowledge into novelty requires to recombine diverse knowledge that is scattered throughout the team. In such a scenario, status diversity can be a reliever. High-status team members can overcome the inertia or conflict by limiting the options or forcing a decision upon the team and accelerate the decision-making process. A flat hierarchy might further increase complexity and rivalry in such a scenario. In the absence of diverse knowledge status diversity, however, should not provide any significant positive or negative effects. Teams that have a narrow solution face no complexity that needs to be managed and the recombinatorial opportunity is blatantly obvious to every team member.
Research on the effect of status diversity on innovation novelty is limited. In addition, the effect of hierarchy depends on the stage of the innovation process and the team composition at large. Nevertheless, empirical research suggests that status diversity affects the result of knowledge-intensive tasks. Consequently, we propose the following hypotheses:
H4: Teams' status diversity moderates the effect of knowledge diversity on novelty. So that
teams with a high status diversity will be better at recombing high knowledge diversity into more novelty, while teams with medium levels of status diversity will be better at translating medium levels of knowledge diversity.
Knowledge Overlap
Knowledge overlap provides teams with benefits of common ground for communication and exchange of knowledge (Shannon 1948) . Beyond the access to knowledge itself, the successful recombination of knowledge requires transfer of knowledge between team members.
Knowledge is a tacit and noncodified resource which makes transfer highly complex (Zander & Kogut 1995) . This requires a shared language, similar technical understanding, and absorptive capacity to combine each other's knowledge elements into a cohort output (Wiersema & Bantel 1992; Dixon 2000; Cohen & Levinthal 1990; Richard et al. 2007 ).
However, the information exchanged between team members depends on the similarity of their knowledge elements. Common knowledge is more likely to be shared than uncommon one (Mohammed & Dumville 2001) . This decreases the benefits of knowledge diversity and simultaneously traps teams into a narrow solution space. Knowledge elements that are distant are not mentioned and novel recombination missed and simultaneously common ideas iterated extensively by teams with an abundance of knowledge overlap.
H5: Teams' knowledge overlap moderates the effect of knowledge diversity on novelty.
So that teams with a knowledge overlap will not overcome the negative effect associated with high knowledge diversity.
DATA AND METHOD
Sample
To test the proposed hypotheses of knowledge diversity and its contingencies, all scientific publications in management between 2010 and 2015 are considered. Academic teams are chosen to test the hypotheses, as the field of peer-reviewed science is especially exposed to the burden of knowledge and pressure to produce innovation and novelty (Jones 2009). The publication of scientific articles has been the subject of extensive research and has established scales to measure novelty that are valid and reproducible (Uzzi et al. 2013; Lee et al. 2015; Carayol et al. 2018 ).
The sample is derived from the citation indexing service Web of Science (WoS) spanning the years 1995 to 2015 covering 700 scientific journals in the field of management.
Additional data to compute the university rank is gathered from the Financial Times Business School Ranking from 1999 to 2014. Following common practice, we exclude all publications that were not scientific articles.
To identify all publications in the field on management we first checked the WoS category of each publication in journals that were ranked in the We split this data set into publications before 2000 and from 2000 onward. Publications before 2000 were used as a burn-in to compute our variables, e.g. the novelty of an article published in 2000 requires a comparison to articles published in the prior years. This split leads to ~270.000 observations. However, some observations have no record or only one record of journal references and were excluded. We use journal reference pairs to compute novelty. Accordingly, some publication had no or very short strings after combing title, keywords and abstract, we use this data point to measure knowledge. These missing observations resulted in a contradiction. Researchers had prior publications in the social network but no according tie in the knowledge network. Furthermore, we could not measure knowledge overlap or diversity for these projects, while we were able to track prior collaboration. Thus, we excluded all publications that had less than one journal reference or no topic vector. This resulted in 183,370 observations.
Author Name Disambiguation
Our paper relies on observing individual behavior to understand how knowledge is transferred through collaboration and results in novel recombination. Upon initial investigation of the WoS database, it became clear that the author names are highly ambiguous and not 13 correctly matched via an identifier to publications. This is a common problem that results often in ignoring and scarping possible research opportunities. Mukherjee et al. (2017) even stated
that they "could not analyze all WOS authors because WOS author names lack disambiguation". However, recent developments in machine learning provide new opportunities to disambiguate large sets of names into according entities (Ventura et al. 2015) .
Disambiguation of authors on scientific publications and patents has been successfully implemented and validated for different data sets (Kawashima & Tomizawa 2015; Lerchenmueller & Sorenson 2016; Morrison et al. 2017) . These approaches are, however, still often computational complex and are not developed as general-purpose algorithms. Torvik's & Smalheiser's (2009) algorithm Author-ity e.g. uses matching information specific to the MEDLINE database. While some implementations seem promising, the precision and recall on the author-level are still above 2 % and 8 % respectively (Lerchenmueller & Sorenson 2016) .
The validation of Scopus resulted in similar values (Kawashima & Tomizawa 2015) . Based on these shortcomings we trained a deep neural network for author name disambiguation (LeCun et al. 2015) .
The core problem in author disambiguation is to have disambiguated data to train supervised learning algorithms. Unsupervised approaches are not promising in this setting as one cannot evaluate the results in a meaningful way. To circumvent this problem, we use the Open Researcher ID (ORCID) and ResearcherID from Thomas Reuters. For all articles in our sample, we extract this information and clean it manually to correct for possible mistakes in these author identifier standards. These errors seem to arise because not all ORCIDs or ResearcherIDs are registered and by the author themselves. This results in ~ 24.500 clean IDs.
Next, we split the articles into author-articles instances (~ 77,000) and compare likely matches.
To compare them we identify 15 features, such as first and surname similarity, cosine similarity of articles, co-author overlap or affiliation distance. Using the pre-disambiguated dataset, based on ORCID and ResearcherID, we train our deep neural net with 80 % of the data and use 20 % to evaluate our model. Our precision and recall are 1.42 % and 2.12 % respectively, with an F1-score of 1.6 %; we mismatched 3097 out of 195295 author pairs.
While the recall seems very low with 1.6 % compared to currents standards one issue with the recall is that it can result in unwanted star authors by grouping many authors with few publications into one ID. This problem is yet not fully addressed in name disambiguation research. Thus, we mapped the author to author edgelist to a graph and computed density scores for each author id. We investigate authors groups with unusually low density scores (<0.1) and high publication counts (>40) and run multi-level community detection algorithms on them to split them into more meaningful sub-communities (Yang et al., 2016) . This step decreased the recall to 0.8 % and resulted in a slightly increased precision score with an overall F1-score of 1.4 %. More importantly, we excluded all artificial stars from our sample. With this pre-trained deep neural network, we fully disambiguate our sample. We are confident that the high F1-score of our approach results in a collaboration network of all management scholars that is very close to reality.
Classifying Knowledge
First, we explain the text analysis technique topic modeling, a statistical method that is used in this context to derive the measurement of knowledge diversity & overlap and knowledge brokerage. In a second step, we explain our results.
Topic modeling techniques are statistical methods resident in the field of text analysis and machine learning. The objective of such techniques is unsupervised analysis of text documents. This is achieved by exploiting the correlation between words and latent semantic themes across the documents (Blei et al. 2003) . These latent semantic themes are referred to as topics, a probability distribution over the words in a corpus. This method and its variations remain highly complex to handle but were successfully implemented to classify and categorize and detect novelty in scientific articles and patents by unsupervised and supervised analysis ( Topic modeling is executed in three steps: data cleansing, parameter definition, and verification of results (Gruen & Hornik 2011) . First, we combined title, abstract and keyword into one string. Cleaning steps involved removing numbers, predefined stop words, terms with less than three letters, extremely rare terms, extremely frequent terms and the transformation to lowercase (based on Griffiths & Steyvers 2004 ). In addition, we performed stemming. After cleaning the data, we estimated the parameters. We follow the approach of Griffths & Steyvers (2004) and estimate the log-likelihood values to identify the number of topics, resulting in K = 1000. Second, the parameters α and β were determined. A test of Kulback-Leibler divergence confirmed the common and advised practice to set them as 50/K and .01 respectively (Gruen & Hornik 2011) .
The result of topic modeling is a vector of length 1000 for each paper in our sample with a sum of one. Each of these 1000 values are topics and interpreted by us as knowledge elements available to management scholars. Hence, we argue that our scientific field is represented by 1000 knowledge elements that can be recombined. To validate our results, we randomly compared topic vectors of publications from 5 special issues. We found that in each instance all publications from a given special issue shared one topic with a weight above 5 %. We manually investigated these topics and can confirm a strong similarity between the word vector of the topic and the topic of the special issue.
Dependent Variable
We implement the operationalization of scientific novelty from Lee et al. (2015) . They present a computationally less expansive variation of Uzzi et al.'s (2013) suggestion to measure novelty based on journal pairs. Novelty $%& is defined as:
where $%& is the number of i-j journal pairs in timeframe t, $& the number of journal pairs which include journal i in timeframe t, and & the number of all journal pairs in timeframe t. In the second step, we calculate the 10 th percentile for all journal pairs of a publication and take the natural logarithm of this score. Last, we inverse the scale by multiplying it with -1 to derive a novelty score from the commonness value. We use the 10 th percentile score instead of the lowest value as it reduces noise (Uzzi et al. 2013; Lee et al. 2015; Carayol et al. 2018 ). We set t to 5, hence the novelty score of each i-j journal pair is based on the prior 5 years. Accordingly, larger scores denote higher novelty.
Independent Variable
In this section, we present our independent variables. We make the assumption that social ties and knowledge decay after five years. First, this 5-year time frame for decay is used by scholars in similar settings (Lee 2010) . Second, we wanted to ensure that publications from different cross section of our sample are comparable.
The independent variable of knowledge diversity is operationalized as the diversity of the team topic vector. We use the measure Teachmans's entropy index a measure from communications literature (Harrison & Klein 2007 ). Teachmans's entropy index is defined as:
,$-= − /( 2 * ln ( 2 )) 2 with 2 as the mean team topic vector, based on the mean topic vector of each author.
The independent variable of knowledge overlap is operationalized as the overlap of the team topic vector. We calculate cosine similarity to measure the knowledge overlap in a team.
For two discrete probability distributions A(a1, … , bi) and B(b1, … , bi) the cosine similarity is defined as: While constraints above one are in general rare, they were very common in our data set due to the small networks of the team level. Following Burt´s (2004) suggestion the measure was normalized in a second step, by dividing each value by the maximum score. The constraint for isolates was then set to 1 (Lee 2010) . In the last step, the measure structural constraint was transformed to social brokerage by subtracting the constraint from 1.
For knowledge brokerage, we used the topic vectors of each publication. Based on the cut-off value of topics from our validation with special issues we decided to code topics above the 5 % threshold as covered by a paper. Hence, on average a paper covers 5.2 topics. This provides an edgelist of paper to topic. We projected this edgelist to a topic to topic graph.
Afterward, we add a node to the network representing an author team and tie it to the knowledge elements of their co-authors in the prior 5 years and compute the constraint measure ( $ ). While it may seem counterintuitive to add the author team to the network of knowledge elements, $ provides a meaningful interpretation. $% equals in this setting team i's experience, access and attention towards topic j. ∑ $E E * E% denotes the commonness of topic combination q and j in prior research. Following this definition, teams are constrained in the knowledge network if the majority of their opportunities to combine knowledge is committed to common recombinations.
The independent variable of status diversity is operationalized by two distinct measures to ensure the robustness of our results. We use the network-based measure of Bonacich power centrality and citation count to operationalize status diversity. We report our results using citation scores.
Status based on citation count is defined as the absolute number of prior citations.
Bonacich power centrality is likewise used widely in empirical research (Ballester et al. 2006; Hannan et al. 2003) . Status based on Bonacich power centrality is defined as:
R represents the flows of status from team i to the first neighbors j and $ is the score of these neighbors. Following Bonacich (1987) the scaling parameter α is set such that the sum of squared scores is equal to the number of vertices. The attenuation parameter β determines the extent to which status is contagious in the sense that it diffuses through social relations (Bothner et al., 2010) . In compliance with prior research, β is set equal to J K of the largest normed eigenvalue of R (Podolny 2005) . In the last step we normalize the scores between all years.
To transform status into status diversity we calculate the Gini coefficient of all authors that collaborated on a publication (Harrison & Klein 2007) . We assign a status diversity of 0 to single authors. The Gini coefficient is defined as:
we calculate for each team the absolute status distance for each pair i-j with status scores D. In the second step this value is divided by the number of team members N and the mean status score of the team PQRS .
Controls
We control our model for a variety of measures to isolate the effect of the independent variables on novelty. The control variables include author specific and publication specific control measures. For author specific controls, we consider the team size, as larger teams are associated with more novel output (Wuchty et al. 2007; Lee et al. 2015) . We also consider the geographical diversity of teams (Stephan 2012) . To control for geographical diversity, we count for each publication the numbers of distinct countries using the provided affiliations. To control for variation in social ties and accumulated knowledge we add the number of prior publications.
To calculate the prior publications of a team we use the same 5-year cut-off that we already implement for our independent variables. In addition, we control for the status of the team and the university rank. Status equals to the highest status of a team member before calculating status diversity (Pollock et al. 2010 ). University rank is based on the Financial Times Global MBA Ranking between 2009 and 2014. We match all publications with the according rank in 20 the prior year using the affiliations information. Following our argumentation of status, we only consider the highest university rank of a team.
For publication specific controls, number of pages, number of words in the title and abstract, number of keywords, number of references, a special issue dummy, the publishing journals and year are considered.
RESULTS
Descriptive Statistics
The Pearson's correlation matrix in Table 1 shows overall only weak and a few moderate correlations. Our measure of social brokerage and knowledge brokerage is correlated with a factor of .55 and status diversity is correlated with team size with a factor of .64.
Similarly, team size and number of distinct countries correlate. To investigate these moderate correlations, we calculate the variance inflation scores for our model and only report values below two for non-interaction terms and below five for interaction terms. This suggests that we have no problem with multicollinearity.
-----Insert Table 1 -----
Knowledge Diversity
Following the research on knowledge diversity, the first question is if too much diversity can cannibalize novelty. To test H1 we use an ordinary least squares regression. Table 2 summarizes the regression results. In model 1 we include only the controls and show that the status, university rank and the number of distinct countries involved in a research project have a significant positive effect on novelty. Surprisingly the effect of team size is negative with p<0.001 and contradicts the status quo of the current well-documented understanding (Uzzi et al. 2007; Lee et al. 2015) . This effect is stable throughout all model specifications. We tested if the effect has a curve-linear relationship. We assume that publications with more than 4 or 5 authors might be reviews that do not exhibit high values of novelty and lead to this effect.
However, a quadratic term does not support this assumption.
-----Insert Table 2 and stable when combined. Status diversity and knowledge overlap have a curvilinear effect on novelty (p < 0.001) with a quadratic term close to the linear, suggesting that medium levels will have the highest positive effect on novelty. Teams with low and high knowledge diversity and status diversity produce on average less novel publications. Thus, H1 is supported.
-----Insert Figure 1 -----
Contingencies of Knowledge Diversity I
H2 throughout H5 argue that social brokerage, knowledge brokerage, status diversity, and knowledge overlap will moderate the effect of knowledge diversity on novelty. Table 3 shows each interaction effect and a full model that combines the four interaction effects in one model. All interaction effects are significant and only the interaction term with knowledge overlap is not stable in the full model.
-----Insert Table 3 -----
In H2 we hypothesize that teams that have access to structural holes in the social networks are better able to translate very high or low levels of knowledge diversity into novelty.
We report a linear term of -0.232 (p<0.001) and a quadratic term of 0.057 (p<0.001). Figure 2 visualizes this interaction effect for model 11 and this effect is stable in model 15. We find that high levels of knowledge diversity can be compensated by a brokerage position in the social network. However, brokers are not able to achieve significantly higher novelty in the absence of knowledge diversity. This suggests, that they the benefit of sourcing and recombining resources from the social network cannot subsidize missing diversity. We tested if this effect was robust and excluded all papers from single authors from the regression. But we find identical results.
-----Insert Figure 2 -----
In H3 we hypothesize that teams that have access to structural holes in the knowledge networks are better able to translate a very high level of knowledge diversity into novelty. We report a linear term of -0.522 (p<0.001) and a quadratic term of 0.159 (p<0.001). Figure 3 visualizes this interaction effect for model 12 and this effect is stable in model 15. The effect is similar to that of social brokerage.
-----Insert Figure 3 -----
We find partial support for H2 and H3. Brokers in both networks can compensate knowledge diversity and even perform team with medium levels of knowledge diversity. But we find no evidence that brokers can compensate for absence of knowledge diversity. Thus, H2
and H3 are confirmed for the suggested effect on high levels of knowledge diversity.
Contingencies of Knowledge Diversity II
In H4 we hypothesize that teams that have a great diversity in status are better at translating are able to overcome the negative effect of knowledge diversity on novelty. Figure   4 visualizes this effect for model 13 and the effect is stable in the full model 15.
-----Insert Figure 4 -----
In H5 we hypothesize that teams that have a greater knowledge overlap are better at translating are able to overcome the negative effect of knowledge diversity on novelty. Figure   5 visualizes this effect for model 14 and the effect is not significant in the full model.
-----Insert Figure 5 -----
We find partial support for H4 and support for H5. Teams with status diversity have a mechanism to overcome the complexity of knowledge diversity. But we cannot show that teams with ideal levels of knowledge diversity and ideals levels of status diversity can complement each other. H5 argues that overlap is necessary to circumvent the negative effect of knowledge diversity and we find this effect for teams with high knowledge overlap.
Robustness
To check the robustness of our results we compute novelty based on a 1-& 3-year prior time windows. We report our results with a 5-year time window as we assume short windows for can result in novelty scores are unstable. In addition, the short time frames in our robustness check allow for better comparisons of our findings with prior research, that commonly implements these short time frames to detect novelty (Uzzi et al. 2013; Lee et al. 2015; Carayol et al. 2018) . Both shorter time frames report stable results. In addition, we compute the variable of status diversity and status based on the social network using Bonacich power centrality. The results are stable.
Discussion
These findings contribute to innovation literature in a number of ways: 1) New insights into knowledge-intensive teamwork during the innovation process is provided. 2) Empirical evidence is put foreword to start the discussion on the contingencies of knowledge diversity. 3)
Empirical evidence is shared on how knowledge and social networks affect the innovation process and moderate the effect of knowledge diversity. 4) The difference of knowledge diversity and overlap is re-visited. In the following these contributions are presented, the relevance of the empirical results discussed, and limitations of this paper explained.
We show that knowledge diversity has an inverted u-shape effect on novelty and that the negative effect of high levels of knowledge diversity can be compensated by social brokerage, knowledge brokerage, knowledge overlap and status diversity.
Teams that have either access to structural holes in their social or knowledge network can utilize their position to decrease the disadvantages associated with high knowledge diversity. External resources help them to correctly interpret, transfer and absorb knowledge within the team, resulting in more novel recombinations. This effect is reinforcing, as brokerage position shift the ideal level of knowledge diversity to the right tail of the distribution. We do not find any support for our assumption that social brokerage and knowledge brokerage can compensate the absence of knowledge diversity. We investigated different sub samples of our data set to, such as team size >1, … but were not able to find an effect. Hence, teams cannot acquire diverse knowledge from networks during the span of a project collaboration, they can only turn to it to evaluate, easier absorb o transfer and match knowledge that is already available to them in the team. introduce an informal hierarchy to deal with the overload of recombinatorial opportunities.
We find no clear and distinct mechanisms that help teams create more novel output if the diversity of knowledge is not woven into the collaboration itself. The external and internal contingencies that we study show no significant change in the likelihood of teams, with no or little knowledge diversity, to achieve more novelty. Thus, mechanisms targeting to foster more novel innovations should always assemble teams that exhibit at least some knowledge diversity.
Every studied mechanism can compensate and sometimes even outperform ideal levels of knowledge diversity, but none can replace it.
Limitations
Despite our contributions, some limitations have to be expressed. Topic modelling has been successfully employed by other scholars to measure the novelty of research (Kaplan & Vakili 2015; Aral & Dhillon 2015) but not yet to extract and encode knowledge. We are confident that our results are robust, but encourage other scholars to reproduce our finding in different settings and variables that develop knowledge variables from a more established scale.
Patent scholars e.g. use the classification system already to encode knowledge. We encourage them to reproduce our findings with knowledge variables based on the patent classification system to see if our measure of knowledge is robust.
We also make the assumption that after a collaboration all team members acquire all knowledge utilized in the project. This assumption is also made by other scholars as we cannot track what knowledge someone really acquires after a collaboration. But it is likely that especially large teams separate tasks according to prior knowledge and team members often do not acquire new knowledge after a collaboration. In our sample, the mean team size is 2.3 with a standard deviation of 0.6. This makes us confident that our assumption holds true for our sample. We find that knowledge network and social network both have a stable and positive effect on knowledge diversity, our measures are only moderately correlated and our variance inflation factors are low. But the very similar effects of knowledge diversity make it unclear if we really measure to distinct mechanisms. Prior research on this topic is only reported by Wang et al. (2014) and we validate that these two networks are not isomorph, but it remains un clear how these two networks differ in their effect on novelty. We encourage all authors studying innovation to separate this mechanism to see if they are isomorph in different settings and exhibit different effects on and in the innovation process. 
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